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Although we know that the choice of spatial resolution can have a large influence on 139 hydraulic model output (Bates et al., 1998; Horritt and Bates, 2001b; Yu and Lane, 2006;  140 Savage et al., 2016) , only the studies by Bates et al. (1998) and Savage et al. (2016) have 141 considered this effect alongside other inherent uncertainties and none have done so using a 142 formalised sensitivity analysis framework. In this paper we close this gap and demonstrate 143 the use of GSA to quantify the relative importance of the choice of spatial resolution and the variance-based GSA method (Saltelli et al., 2008) . Using variance-based GSA allows us to 148 incorporate both continuous variables such as model parameters and discrete choices like the 149 spatial resolution of the model, using a tailored sampling strategy similar to the one adopted 150 by Baroni and Tarantola (2014) . By applying such a methodology we show how GSA can be 151 applied to complex, spatially-distributed models using input factors that extend beyond the 152 commonly incorporated model parameters and boundary conditions. This approach is reasonably well for this event in comparison to these observational data (Aronica et al., 2002; 194 Savage et al., 2016) so our analysis will focus on model predictions and behaviours rather 195 than on performance against observed data. Where is flow (m 3 s -1 ), is acceleration due to gravity (ms -1 ), ℎ is depth (m), is the 204 Manning's coefficient of roughness (sm 1/3 ), is water flux (m 2 s -1 ), is time, ∆ is cell 205 resolution (m), is cell elevation (m) and ℎ is the depth that water can flow through the 206 lateral boundary of two adjoining grid cells (m), calculated as the difference between the 207 highest bed elevation and the highest water surface elevation between two cells.
208
It is possible that applying inertial terms particularly at fine resolutions can lead to 209 instabilities in the model solution (Bates et al., 2010) . To overcome this, (de Almeida et al., diffusion, which has been shown to stabilise the model without significantly changing the 212 results (de Almeida and . We introduce this term for the finest spatial resolution 213 in this study when Manning's friction coefficients are less than 0.03 as initial simulations 214 found these simulations to otherwise be unstable. 215 This model has been proven to perform well in comparison to other hydraulic models for 216 simulations of both rural and urban flood events and in comparison to analytical solutions 217 (Horritt and Bates, 2001a; Hunter et al., 2008; Bates et al., 2010; Néelz and Pender, 2013) .
218
The version of the model applied will be the sub-grid channel implementation (Neal et al., 219 2012). In this the channel is defined separately to the floodplain allowing the channel widths 220 to be defined independently to the spatial resolution of the model. However, flows in both the 221 channel and floodplain are coupled and solved using the same inertial Shallow Water 222 Equation (SWE) approximation, as described by variance. In our case study, the model output y is a temporal or spatial aggregation of the 248 simulation results produced by LISFLOOD-FP. The multiple definitions of y considered in 249 this study will be described in Sec. 2.6. The five input factors that are assessed in this study In our application, we use a list of 5 choices for the spatial resolution, 25 for the DEMs 295 produced by resampling LiDAR data multiple times (and explained fully in Section 2.5.2), 296 100 for the forcing hydrograph, and 100 values for each of the two friction parameters, which 297 corresponds to a total of 125,000,000 possible combinations of the forcing inputs. This is not Conversely, models can also be run at finer resolutions, however given that the floodplain is 326 predominantly rural, we felt that it was not necessary to resolve length scales finer than 10 m. is the variation in the underlying topography that we are exploring in this paper. 
Manning's Friction Coefficients 350
The parameter most commonly calibrated in hydraulic modelling studies and therefore the 351 parameter that is varied within our GSA is the Manning's roughness coefficient. We take the Manning's friction definitions in the literature (Chow, 1959; Arcement and Schneider, 1989 ).
366
The plausible ranges for the roughness parameters are subsequently chosen as 0.025 -0.04 367 for the channel and 0.025 -0.05 for the floodplain. A total of 100 roughness coefficients 368 were sampled for each parameter within those ranges. 369
Boundary Conditions

370
The lack of gauged data for this flood event means that we are unable to make a more 371 informed assessment of the specific discharge uncertainty characteristics, for example by Where the residual error term is a function of the -parameter, the error term at the there are many ways that hydrograph uncertainty can be assessed and different parameter 423 combinations could be applied. However the spread of uncertainty in the perturbed 424 hydrographs appears sensible (Figure 1 ) and we therefore believe our method to be adequate 425 to meet the objectives of this study. panel. We therefore consider the ranking of factors sufficiently precise and from now on will 463 use look at rankings rather than the values of the sensitivity indices themselves.
464
From Figure 2 we can identify that the boundary conditions are the most influential factor for 465 both outputs. The channel and floodplain friction parameters were the second most influential 466 factors for maximum flood extent and AMWD respectively.
467
The fact that the boundary conditions are influential for maximum flood extent and AMWD 468 is intuitive as the volume of water that enters the basin directly influences the volume of 469 water available to inundate the floodplain especially for a large flood event where out of bank 470 flow is inevitable. It is also intuitive for the channel friction to be influential for flood extent 471 as a higher Manning's friction coefficient will increase the frictional force of water in the 472 channel, reducing its velocity and consequently increasing the channel water level so that produces less variation in flood extent at the end of the simulation than during the flood peak.
499
Interestingly, although the boundary conditions are most influential for maximum flood 500 extent (Figure 2) , the channel friction is ranked the most influential for the majority of time 501 slices (middle panel in Figure 3 ). This is because once bankfull discharge is reached, the 502 channel friction parameter has the most influence on how quickly water is routed onto the 503 floodplain and therefore affects the rate of floodplain inundation, whereas the boundary 504 conditions are more influential on the maximum limit that floods will spread to within the 505 domain and how quickly bankfull discharge is reached as these are controlled by the volume 506 of water available to flood. The fact that the influence of Manning's roughness coefficients 507 changes during a flood event indicates that it may be important for future studies to allow 508 these parameters to be either time or depth varying parameters.
510
The bottom panel of Figure 3 reports the difference between the total-order sensitivity index we see is that the hydrograph appears to be most influential factor at a location first, followed 554 by channel friction and then spatial resolution. Finally the choice of DEM becomes highly 555 influential during the drying phase. The floodplain friction parameter appears to be the least 556 influential and does not become influential during the drying phase unlike for flood extent.
557
This can be explained as the water depth of a cell does not explicitly consider those cells that 558 are classified as dry, while the flood extent does. Furthermore, a location may only remain 559 inundated due to certain elevations for certain DEMs, whereas the effect of individual cells 560 would be averaged out at the domain level that the flood extent is calculated for. This 561 highlights an advantage of assessing both temporally and spatially lumped and distributed 562 outputs as it allows different model dependencies and sensitivities to be identified. 563
Time of Inundation
564
The bottom panel of Figure 4 indicates that there are also spatial variations of the sensitivity 565 of the initial and maximum inundation timings. As with water depth, there is significant 566 spatial variability in determining the most influential input factor. The factor most influential 567 for the time of initial inundation is not necessarily the same as the factor most influential for 568 the time of maximum inundation. The most influential factor for the eastern part of the flood 569 basin remains the same for both and there is a large section of the NE basin that is highly 570 sensitive to the channel friction parameter for both indicators. There is a region in the centre 571 of the basin (2422879, 4109638) that is most sensitive to the channel parameter for the time 572 of initial inundation, but becomes sensitive to the boundary conditions for the time of 573 maximum inundation. One reason for this could be the fact that in some of the hydrograph 574 perturbations the maximum discharge is reached one hour earlier than for others ( Figure 1) .
575
Any location that is influenced by spatial resolution or the DEM for one output is likely to be 576 influenced by the same factor for the other output. This indicates that the pattern of surface 577 elevation is having a significant effect on the routing of flood waters to these locations. As discussed in Section 3.1, it became apparent early in the analysis that the sample size was 588 too small for the convergence of the sensitivity indices to be reached. However we found 589 that, despite the uncertainties in the sensitivity index values, the ranking of input factors was 590 robust and consistent with the ranking obtained by considering the mean of the sensitivity 591 indices over the bootstrap resamples. This is shown particularly in Figures 3, 4 and 5 where 592 on many occasions the proportion of bootstraps where a specific factor is ranked most 593 influential was close to 100%. The fact that the ranking of factors is robust even if the values 594 of the indices themselves were still very uncertain is not surprising and is consistent with 595 previous findings (e.g. Sarrazin et al., 2016) . 596 We have ascertained that the factors identified as most influential vary depending on the found that different factors were influential for different performance metrics. It is therefore 599 not possible to identify singular factors that are consistently influential across all outputs.
600
Given the complex nonlinearities of simulating a flood using an inundation model and the 601 relatively intuitive importance of the different input factors considered in this study this is 602 perhaps not surprising. This result also suggests that the sampling strategy has not biased the 603 computed sensitivity indices by over or under exaggerating our input factor sampling ranges.
604
That is, none of the input factors have been classified as influential (or not) due to 605 unreasonably large (or small) bounds in the sampling range. In other cases where the number 606 of parameters is much larger it may be that a subset of influential factors is identified more 607 easily (e.g. Dobler and Pappenberger, 2013) . 608 We have shown that using lumped outputs alone may hide temporal and spatial variability in that the Manning's channel friction parameter was the most influential factor when assessing 621 flood extent against observational data. Despite this we would expect that the most influential 622 factor for different model outputs could vary depending on the specific characteristics of the 623 study site chosen, the quality of the input data, the model structure and the sampling approach 624 adopted to consider uncertainties in the model parameters and boundary conditions. 625 We also assessed the sensitivity of flood extent through time, which has not been evaluated applying GSA. Any GSA study therefore only investigates a user specified region of the 681 input factor space, which has to be defined by the modeller based on previous model 682 applications or a priori information available. The GSA results are then conditional on the 683 applied overall experimental design considering the assumptions and choices made.
684
Clearly there are limitations to extrapolating these findings to other flood events. These friction parameters may be more important factors to include as they will determine whether 690 or not rivers reach bank-full discharge. Alternatively, an urban environment where critical 691 flow pathways get blocked at coarser resolutions may be more sensitive to the spatial 692 resolution of the model. We also acknowledge that the ranking of input factors can also vary 693 depending on the specific GSA method applied (Pappenberger et al., 2008) . However the dominant input factor shifts during the flood event from the hydrograph to the channel 706 friction and then to the floodplain friction. However, for localised water depths the spatial 707 resolution and DEM become much more influential although there is a great deal of spatial 708 and temporal variability as to which of the five factors is classified as most influential. We 709 also found that the factors affecting the timing of flood waters at locations across the domain 710 can be different to the factors that most influence water depths. It is therefore more important 711 to account for the spatial resolution of a model for decisions based on water depths and time 712 of inundation than for decisions based on the extent of a flood.
713
The fact that the sensitivities are so variable in time and space demonstrates the value that 714 performing SA can add in gaining an understanding of these complex patterns and 715 dependencies. It also demonstrates that a simple SA, in which spatial and temporal variability 716 are ignored, can be very misleading. These complex behaviours are indicative of the non-717 linearity that is inherent in such flood events and demonstrate that it is not possible to identify 718 a singular factor that is most influential for all types of flood inundation prediction.
719
Subsequent work should test whether output sensitivities differ for events of different 720 magnitude and for events at different locations. Additionally, it would be useful to explore 721 what impact the channel geometry has on the temporal and spatial variation in flood 722 inundations and whether the observed variability in the sensitivity to water depths is also 723 found when assessing predictions of velocity By improving our understanding of the factors 724 that have the most influence on flood inundation predictions it will be possible to identify 725 areas for future modelling improvements; whether that is a need for improved topographic 726 representation, boundary condition data, parameter classification or model structures.
727
Finally, the approach adopted in this paper to include discrete, non-numerical choices within 728 a GSA and to explore how sensitivity changes in time and space could be adopted by any 729 modeller that wishes to learn more about the impacts of their choices and modelling 730 assumptions on various aspects of the model's response. 
